We present analysis of anonymised admission/discharge data from insurance provider for Saxony and Thuringia (Germany) for years [2010][2011][2012][2013][2014][2015][2016]. Study of such data are necessary to derive a structure of healthcare system transfer network, as no patients' transfer data are currently available. Hospital network can be directly used as a basis for modelling of multidrug-resistant pathogen spread allowing to study the effectiveness of disease-control strategies. In this paper, the properties of the dataset under consideration are presented and discussed.
Introduction
Multidrug-resistant (MDR) bacteriae recently became more serious health threat [8, 3] . According to the European Centre for Disease Prevention and Control and the European Medicines Agency, MDR bacteriae are responsible for about 25 000 deaths of patients per year, [1] . In addition, it is estimated that these infections result in extra healthcare costs of at least EUR 1.5 billion each year. These pathogens can spread within healthcare system population, e.g. by contact between undiagnosed infectious patients and susceptible patients. Pathogen control strategies exist (see e.g. [2, 3] ), but they mainly focus on the individual healthcare facility level, while cooperative approach may be more beneficial [6] . Unique properties of MDR bacteriae make them immune to typical prevention strategies, mainly due to their antibiotic-resistant nature. In order to understand how to inhibit spreading of such bacteria, new models describing their transmissions are introduced. Such attempts to model the spread of some particular bacteria within the hospital network has already been attempted, see e.g. [5, 7, 4] . Clearly, to model such phenomenon, one needs to have access to a database, providing data of hospital transfers. Unfortunately, such databases are not available even in Europe. Hospitals, or healthcare facilities in general, collect information about patient admissions, discharges, age, sex, diagnosis, procedures in they own patient registers. However hospitalisation history of patients is not collected by healthcare facilities. Nevertheless, an excellent source of data could be the healthcare providers collecting patient hospitalisation records for years. They store basic information about the patients and their healthcare history. Unfortunately, transfer details are not among them. So, one of the primal difficulties for the researchers would be to derive the transfer data from the hospitalisation history. Despite such task seems to be not too hard at first glance, in fact it can be quite challenging. In addition, more information about a healthcare system structure is necessary for accurate simulation results, for example to divide patients into risk groups. To provide as much important information for the future work concerning the dynamics of pathogen spread within the inter-hospital network, we perform analysis of the dataset provided by AOK Plus -one of the largest health insurance company in Germany. This paper is organized as follows. In Section 2 and 3 we briefly describe the database provided by AOK Plus and tools used to analyse data. Next, in Section 4, we present results of our analysis. Finally, in Section 5, we summarise and discuss obtained results.
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Description of dataset
We consider anonymized patients dataset provided by AOK Plus -a healthcare provider in Saxony and Thuringia. Dataset consist of 4 826 823 hospitalisation records of 1 623 567 patients covering period of 7 years (2010 -2016) . In particular, the database stores the following information: patient anonymized ID, anonymized healthcare facility ID, federal state of healthcare facility, day of the admission, day of discharge, diagnosis (international ICD-10-GM code), patient's sex and year of birth.
Within provided dataset we have found 2 991 597 hospital/healthcare facility stay records for the facilities located in Saxony with the numeric diagnosis code, 1 566 451 for Thuringia, 268 182 for other German federal states and 593 records without any location given (for more details see Table 1 ). There are 1 925 unique hospital facilities among the whole database and 134 of them are situated in Saxony and Thuringia.
Data analysis tools
From the admission and discharge data, we determine the duration of patent stays for each hospitalisation record. To determine the history of each patient, we group the records with the same Table 2 : Number of admissions in the whole dataset and set limited to Saxony and Thuringia for given chapter number of the ICD-10-GM illness code (https://www.dimdi.de/static/de/ klassifikationen/icd/icd-10-gm/kode-suche/htmlgm2019/). Figure 1 we present the structure of patients population in the database. Clearly, we do not consider patients age, as the database covers seven years. Furthermore, we do not know exactly which patients died during that period -such information is only available in the database if a patient died while being insured by AOK Plus. Thus, for our statistical purposes we consider the birth year to investigate the age structure of patients.
Among 4 826 823 hospitalisation records there are 886 650 (18.4%) cases of diseases of circulatory system. Other significant groups are diseases of the digestive system (488 095, 10.1%), injury, poisoning and certain other consequences of external causes (487 487, 10.1%), neoplasms (487 008, 10.1%) and mental and behavioural disorders (352 759, 7.3%) (cf. Table 2 ).
After limiting the records to the facilities located in Saxony and Thuringia, we end up with data for 706 827 men with 1 up to 155 hospitalisations and 845 666 women with 1 up to 147 hospitalisations. The average number of admissions per person is 3.24 for men and 3.0 for women, the median of admissions per person is 2 independently of sex. The average length of hospitalisation is 9.9 days, and the average period spend outside the facilities, between two hospitalisations is 286.3 days. The structure of patients is very similar to the structure for the whole set -difference between number of patients born in one year in the whole datasets and in Saxony and Thuringia constitutes at most 10.45% of the former number. As presented in Table 2 , the illnesses types are also similarly distributed in both datasets. 4 1900 1910 1920 1930 1940 1950 1960 1970 1980 1990 
Admissions
First, we characterize the healthcare facilities reported in the database by the number of admissions. Figure 2a shows that the majority healthcare facilities had between 10 and 99 admissions during years 2010-2016. This group is more than twice the size of the facilities with 10-999 reported admissions and almost three times the size of the facilities with 1-9 admissions only. The healthcare facilities with more than 1 000 admissions were considerably less common. Clearly, units that have less than 10 patients during seven-year period might not be taken into account for the dynamical studies as their contribution to the patient transfer is insignificant. However, one should be aware that within particular years healthcare facilities with 1 to 9 admissions were the most numerous group (compare with Figure 2b ). This behaviour is due to the fact that these facilities are localized mostly in regions, which are covered by different insurance companies and thus data are very limited, often too broad to get accurate transfer dynamics. The situation is quite different if we consider only the healthcare facilities situated in Saxony and Thuringia. From Figure 3a it is clear that the majority of facilities had between 10 000 and 99 999 admissions and the other groups were less common. This distribution is more suitable for studying the interhospital transmission of infections, because the facilities with very few patients in seven years do not have much impact on migrations of patients. For separate years, most Saxony and Thuringia healthcare facilities had between 1 000 and 9 999 reported admissions and the number of facilities with given intervals of reported admission did not change much with time (cf. Figure 3b) . Comparison of data reported in Figure 2 and 3 suggest that for the purpose of the realistic modelling, one should rather consider the healthcare facilities located in the considered federal states only, while other data can be used to estimate the exchange of patients between the regions.
Numbers of patients
In order to estimate the probabilities of patient transfers between healthcare facilities, size of the healthcare facilities is also necessary. Thus, we also categorise the healthcare facilities by the number of patients admitted to them. From Figure 4a we see that most healthcare facilities in all federal states had between 10 and 99 patients within years 2010-2016. Studying the data for each year separately, we conclude that for each year the facilities having between 1 and 10 patients dominated. However, the number of such facilities decreased over time and in 2016 the difference between their number and the number of the facilities having between 10 and 99 patients became less significant (cf. Figure 4b) .
If we consider the healthcare facilities located in Saxony and Thuringia only, during years 2010-2016 the facilities with 10 000 to 99 999 patients were the largest group. However, looking at the years separately, we see that for each year facilities having between 1 000 and 9 999 patients dominated by far (cf. Figure 5) .
We analyse the changes of the number of patients of each healthcare facility in time (from 2010 up to 2016). In Figure 6 we present results for six biggest hospitals situated in Saxony and Thuringia. In general, for the biggest hospitals, we can distinguish two kinds of processes. Clearly, there are periodic variations of the number of patients, which occur simultaneously among the healthcare system. On the other hand, there are long-term increase/decrease of the facility population's size, which are specific to healthcare facility.
Duration of stays
We investigated duration of reported stays of patients in particular healthcare facilities. In Figure 7a we present a histogram of the duration of the hospitalisations (until 31.12.2016 ) for all healthcare facilities (blue) and those for Saxony and Thuringia only (red) showing that there is no big difference between both datasets. We also observe the similar results comparing the lengths of stays at home between hospitalisations for all healthcare facilities in database and those located in Saxony and Thuringia, see Figure 7b .
Clearly, majority of hospitalisations do not exceed 10 days and most of them are 3 days long. The number of hospitalisations quickly decreases for duration longer than 3 days. We see that hospitalisations that last at least a month constitute only a marginal part of all records. When it comes to stays at home between hospitalisations, the number of stays first increases as the duration growths, reaches maximum for six-day-long stays and then decreases with some fluctuations. However, the decline is considerably slower than for the hospitalisations and the stays lasting one hundred days or longer are still significant.
Overlaps
Among 4 826 823 detected in the dataset hospitalisations we find 220 367 cases of overlapping records in total, while for healthcare facilities located in Saxony and Thuringia we find 198 723 such cases. By overlapping records we understand distinct sets of two or more records for a given patient, with non-empty intersection of stay periods, either within the same facility or in other facilities.
Following [9] , we distinguish several types of overlaps:
• standard transfer -one day overlap of two stay periods, where both periods are longer than one day and each record corresponds to different facility,
• first day transfer/last day transfer -similar to above, but duration of the stay in one facility is exactly one day long and it coincides with admission to/discharge from the latter facility,
• simultaneous two admissions in a single institution -two reported stays in the same place for the same period,
• temporary transfer -two records, period of one of them is contained in the other, and admission and discharge dates are not the same, Figure 8 : Examples of overlaps. In the first column the healthcare facility number is given, next initial date of hospitalisation and finally the graphical representation of hospitalisation duration (sign # denotes one day of stay in the healthcare facility). In the first row we see the example of standard transfer, next first day transfer, last day transfer, temporary transfer, unknown two admissions in two institutions, unknown multiple admissions (3), another example of unknown two admissions in two institutions, simultaneous two admissions in two institutions, simultaneous two admissions in a single institution, two admissions in a single institution.
• simultaneous two admissions in two different institutions -periods are exactly the same, but the facilities are different,
• unknown two admissions in two different institutions -any two records for hospitalisations in different institutions, which is not covered by the cases already introduced,
• two admissions in a single institution -two reported stays in the same institution but for different (overlapping) periods,
• unknown multiple admissions (n) -more than two records of overlapping hospitalisation periods, with maximal number of records in a given day is n.
In Figure 8 we present an exemplary visualization of the overlapping appearing in the database according to the proposed definitions. In Table 3 we present overlapping records for the whole database (all facilities, within years 2010-2016) and for units located in Saxony and Thuringia (the same time period) classified as described before. Comparing these two results we see that the structure of overlaps is almost the same for both (3) 1 181 ( 0.5%) 1 023 ( 0.5%) last day transfer 1 000 ( 0.5%) 900 ( 0.5%) simultaneous two admissions in two institutions 308 ( 0.1%) 271 ( 0.1%) simultaneous two admissions in a single institution 34 (0.0%) 32 (0.0%) unknown multiple admissions (4+) 6 ( 0.0%) 2 ( 0.0%) sets. Namely, majority (over 77%) of them are typical transfers, meaning that both stay periods are covered only by one day and the stays are reported for different institutions -standard, first day and last day transfers. The other significant types are overlapping stays within one facility (over 12%) and temporary transfers (over 7%). Clearly, most problematic cases such as simultaneous admissions in three or more facilities are marginal and therefore can be ignored. Generally the longer the overlaps are, the less often they appear in the database (cf. Figure 9 ). In order to deeply characterize the types of overlaps, as in previous report [9] , we use a four-digit classification. We restrict our analysis only to overlaps containing stays in one or two facilities. The truth is indicated by 1 while 0 means false. First digit indicate if two considered overlaps have place in the same healthcare facility, second digit: if overlaps have the same diagnoses, third: if two overlaps have the same admission dates and fourth if two overlaps have the same discharge dates. For example code 1100 simply means that two considered overlaps have been reported by the same healthcare facility, in both cases the diagnosis was the same, but there were different dates of admissions and discharges.
The results of our classification is presented in Table 4 for all healthcare facilities and in Table 5 for healthcare facilities located in Saxony and Thuringia. Clearly, the structure is the same for both datasets. The most frequently appearing overlap group is 0000 (different: facility, diagnose, admission and discharge date) -132 170 detected cases for the whole dataset and 119 045 cases for Saxony and Thuringia. Other quite frequent groups are 0100, 1000, 0010 (respectively: same diagnose, same facility, same admission dates) -38 461, 23 260, 13 411 cases for the whole dataset and 34 008, 22 321, 11 687 cases for Saxony and Thuringia, respectively.
Generally there are far more cases with different facilities than with the same one, which means there are more actual transfers. Cases where just one parameter out of the four considered is different are uncommon. It is also worth noting that there are no overlaps with code 1111, so there are no admissions, which look like repeated record.
Each of four-digit set we analyse further by assigning each diagnose into groups indexed by numbers according to the rules presented in Table 3 in [9] klassifikationen/icd/icd-10-gm/kode-suche/htmlgm2019/. In Tables 6 and 7 we summarise the most frequently appearing diagnosis within the particular types of overlaps respectively for all healthcare facilities and for the ones in Saxony and Thuringia. From the presented results we see that most frequent diagnosis for two overlapping records related to different healthcare facilities is disease of the circulatory system [9, 9] . Other frequent problems are injuries [19, 19] , neoplasms [2, 2] and mental disorders [5, 5] . For the overlaps characterised by the same healthcare facility records the vast majority of cases are [5, x] , related to mental disorders. Among those the most frequent are cases [5, 19] , which indicates change of diagnose from mental disorder to injury. Table 7 : Number of cases for a given diagnosis, for healthcare facilities in Saxony and Thuringia for particular groups of overlaps. Two record overlaps are included in this table (vast majority among all overlaps). In square brackets we provide diagnose codes for overlaps versus number of cases.
Summary
In this paper we analysed the hospitalisation data provided by AOK Plus healthcare insurance company. First, the structure of population described in the dataset was examined. The population was stratificated by sex. Statistics concerning the number of hospitalisations and their lengths were computed. We also investigated the birth year of the patients and the diseases or health problems they were diagnosed with. We repeated the computations for records corresponding to facilities located in Saxony and Thuringia only and concluded that the subpopulation has very similar structure to the original one.
Then, we characterised the healthcare facilities by the number of admissions and the number of patients. We considered the dataset as a whole and when limited to Saxony and Thuringia region. For both groups we presented results for separate years and all years combined. We also found out that for the whole dataset small facilities (i.e. facilities with low number of admissions and patients) are the most numerous group thus, the whole dataset does not concern enough data to create base on them realistic hospital network well. However, if we consider Saxony and Thuringia only, most facilities are medium-sized or large, and the small ones are uncommon. Thus, we recommend for the modelling purpose to limit dataset to units located in Saxony and Thuringia.
Duration of hospitalisations and duration of home stays between hospitalisations were also analysed. There are no significant differences in their distributions between the complete dataset and limited case.
The vital part of analysis regarding future modelling was investigating overlapping records. We introduced two types of classification. The first one describes, among others, number of healthcare facilities involved and length of the overlap. It shows that majority of the overlapping records are typical transfers between two different facilities for both whole dataset and subset of Saxony and Thuringia. Problematic cases, such as more than two facilities overlapping, are marginal. Additional analysis showed that overlaps lasting exactly one day overwhelmingly dominate over the longer ones. Another classification was introduced for overlaps involving no more than two hospitals. It describes whether the records have different facilities, diagnoses, admission and discharge dates. The structure is similar for both considered datasets. Overlaps involving two hospitals are far more frequent, which means there are more actual transfers between different facilities. Overlaps containing one or two healthcare facilities were also briefly characterised by code representing the group of given diagnosis.
Analysis of the AOK Plus database is extremely useful for modelling the spread of e.g. MDR bacterial infection. Information about population structure enables us to divide patients based on the risk factors, such as age or sex. Furthermore, the classification of healthcare facilities based on the number of admissions or the number of patients allows us to identify which facilities have sufficient data to be taken into account in the simulation. In particular, it is clear that such dataset alone is insufficient for simulation focused at different regions than Saxony and Thuringia, as the data is too scarce. Finally, the data concerning overlapping records can help us understand how certain factors impact on the patients' transitions.
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